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 Abstract –– Nuclear imaging techniques, namely single photon 

emission computed tomography (SPECT) and positron emission 

tomography (PET), are commonly used for the study of 

neurodegenerative diseases such as Alzheimer’s disease (AD) and 

frontotemporal dementia (FTD). Many methods have been 

proposed to identify different types of dementia based on SPECT 

and PET images. In order to cope with the low number of 

datasets compared to the high number of independent variables 

(voxels of the dataset), they either perform a dimensionality 

reduction prior to classification, which implies identical influence 

of all available datasets, or try to extract the relevant variables 

for the prediction, which may be affected by statistical 

fluctuation resulting from mislabeled data or intrinsic noise 

within data samples. In order to overcome these limitations, this 

paper presents an alternative method for classification of SPECT 

image data of asymptomatic controls (HC), AD and FTD 

participants. The proposed method produces a voxel mask that 

weights or ignores voxels according to their relevance for 

classification. The algorithm is based on quantiles and is less 

sensitive to the non-Gaussian statistical distribution of the classes 

to separate, which is a very desirable in case of dementia 

classification. Special care is taken to assess the robustness of the 

proposed approach. The classification accuracy assessed with 

bootstrap resampling is presented and the robustness against 

outliers and misdiagnosed training samples is investigated and 

compared with a PCA-MVA based approach. As a result, the 

proposed approach shows comparable results with respect to 

robustness, but better classification accuracy than PCA-based 

approaches. 
 

    Index Terms –– SPECT, Alzheimer’s disease, frontotemporal 

dementia, quantile-based classification.  

I. INTRODUCTION 

ALZHEIMER’S DISEASE (AD) and frontotemporal 

dementia (FTD) are among the most prevalent 

neurodegenerative diseases. The socioeconomic impact of 

dementia is extraordinarily large, with considerable effort 

being made to understand the pathophysiologic mechanisms of 

AD in order to further the development of effective treatment 

strategies for the disease. Thus, automated diagnosis and 
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differentiation of these two dementias is of importance, in 

particular for choosing the appropriate therapeutic approach. 

According to pathologic studies, disease progression in AD 

extends from the entorhinal cortex to the hippocampus, the 

limbic system and neocortical regions, whereas FTD mainly 

involves the frontal lobes and may expand to the temporal 

lobes. Accordingly, regional cerebral blood flow (rCBF) 

shows specific patterns in AD and FTD: In AD patients, 

reduced rCBF has been consistently observed in the temporo-

parietal association cortices [1], whereas the frontal associated 

cortex is usually not affected. On the contrary, in FTD patients 

reduced rCBF was reported to be mainly present in the 

temporal and frontal regions without posterior extension [2]. 

As one of the ways of quantifying rCBF, Technetium-99m-

ethylen cysteinat dimer (99mTc-ECD) SPECT imaging has 

been used in previous research for the differential diagnosis of 

AD and FTD [2], [3]. 

So far, different classification strategies have been proposed 

to differentiate normal controls (HC), AD and FTD 

participants. A general problem here is that the number of 

datasets is low compared to the number of variables (i.e. 

voxels of the dataset). A high number of independent variables 

coinciding with a low number of training and test datasets can 

lead to a high number of unreliable predictors of the 

classification due to simple statistical effects and intrinsic 

noise. Those variables often assign the subjects used for 

training to the correct class, but fail to do so for independent 

data not used in the training set. Therefore, most classification 

algorithms such as Multivariate Analysis (MVA) or Support 

Vector Machine (SVM) take advantage of all available 

variables and weight them to either optimize variance ratios, 

the classification error rate or a margin. However, they do not 

exclude variables being weak or even irrelevant for the 

classification task. 

For this reason, many approaches (e.g. [4],[6] and [9]) 

employ Principal Component Analysis (PCA) prior to the 

actual classification in order to extract a variable subspace 

with a much lower dimensionality than the original voxel 

space. Yet, for dimensionality reduction all datasets in a class 

are weighted in a balanced way, i.e. the more critical subjects 

located closely to the classification border influence the PCA 

to the same extent as subjects further away. This fact finally 

leads to a very robust classifier in general, but not necessarily 

to one with best accuracy, especially if the sample distribution 

of the classes deviates from a symmetric Gaussian distribution 



 

that is additionally difficult to estimate robustly if the sample 

size is small. 

Other approaches such as the Support Feature Machine 

(SFM) are able to extract the strongest variables for the 

prediction [7]. However, such methods are often not robust 

against statistical fluctuation resulting from mislabeled data or 

intrinsic noise within data samples, because they concentrate 

and rely only on very few datasets that are closest to a class 

separating hyperplane. Additionally, if the classes to separate 

show a significant overlap in most of the variables, they may 

fail to exactly identify the relevant variables, especially if the 

number of training datasets is small. 

 

In this paper, a method is proposed that avoids the 

underlying assumption of a symmetrical data sample 

distribution. It works directly on the variable space without 

extracting a subspace as in PCA. As occurs in SVM 

classification, two classes at a time are separated with the help 

of a linear classifier. The proposed approach is straight-

forward to implement, fast to compute and shows comparable 

results in robustness assessment tests, but better classification 

accuracy than to PCA-based approaches. 

II. IMAGE DATA AND PREPROCESSING 

The SPECT datasets were acquired at the Clinic of Nuclear 

Medicine, University of Erlangen-Nuremberg. Overall, 26 HC 

subjects (age over 55, mean age 64.2 ± 5.1), 26 AD patients 

(age over 52, mean age 67.0 ± 7.2) and 21 FTD patients (age 

over 51, mean age 65.9 ± 8.3) were included in the analysis. 

The datasets comprise a mixed population of female and male 

participants. The measured projection data was processed with 

filtered back projection, and Chang attenuation correction was 

performed. 

All datasets were further preprocessed based on affine 

registration, Gaussian smoothing with an FWHM of 12mm, 

and intensity normalization according to the 25% brightest 

voxels within the whole brain region. Finally, all voxels of the 

whole brain region were extracted, which constitutes a vector 

xi of size N = 226 985 voxels for each dataset i. 

III. CLASSIFICATION METHOD 

A. Skewness of Sample Data 

Algorithms such as PCA and MVA are known to be very 

robust against outliers and mislabeled training subjects if the 

number of PCs is sufficiently low due to their characteristic to 

weight all subjects within the training process equally. 

Consequently, subjects far away from a classification border 

determine the direction and position of this hyperplane to the 

same extent as subjects lying closer to it. For dementia data 

samples the classification accuracy is comparably poor 

because these algorithms rely strongly on a basic symmetrical 

model of the data distribution, preferably a Gaussian. 

However, as can be seen in Fig. 1 and 2, the SPECT image 

datasets show a clear deviation from a symmetric distribution, 

especially for AD and FTD samples in brain regions suffering 

from reduced rCBF and atrophy. 

 
Fig. 1.  Distribution of gray values normalized on the HC sample mean 

extracted from a 9x9x9 voxel block in the parietal lobe (the parietal lobe is 

most affected in AD cases). 

 

 
Fig. 2.  Distribution of gray values normalized on the HC sample mean 

extracted from a 9x9x9 voxel block in the frontal lobe (the frontal lobe is most 

affected in FTD cases). 

 

The significant skewness of the image data sample 

distributions can also be seen in Table 1: In columns HC, AD 

and FTD, the mean and variance of the class sample skewness 

ClassClass xs )skew(=  of gray values xj,Class of voxel j, averaged 

over all 226.985 voxels of the whole brain region, is compared 

with the skewness of an ideal Gaussian distribution. In 

columns AD* and FTD*, this comparison is performed for the 

average over all voxels with a weight greater than zero in the 

AD and FTD mask, respectively (see Section III.B for details 

on how the masks are generated). 

 
TABLE I. SKEWNESS PARAMETERS FOR SAMPLE CLASSES 

 

  Ideal 

  Gaussian HC AD AD* FTD FTD* 

 Mean(s) 0 -0.04 -0.27 -0.48 -0.22 -0.77 

 Var(s) 0.21 0.32 0.28 0.21 0.38 0.43 

 Mean/Var 0 -0.11 -0.98 -2.25 -0.59 -1.78 



 

The latter two table entries show that the highest skewness 

is concentrated just in voxel regions being important for 

classification. 

In the following, a method called MASK is proposed that 

does not rely on a special symmetric distribution model. Yet, 

it exploits the minima and maxima across class subjects and 

ignores the statistical distribution behind. Such an approach 

allows a more accurate determination of the classification 

border but is known to be extremely sensitive to outliers and 

mislabeled training samples. Therefore, we propose the 

replacement of the minimum by e.g. a 10%-quantile and for 

the maximum the 90%-quantile to increase robustness. The 

quantile values represent an acceptable compromise between 

accuracy and robustness. Controlled by the number of 

available subjects within the database classes these quantiles 

avoid the dependence on single case instances that might be 

outliers or misdiagnosed by the physician. 

B. Likeliness Mask Based Method MASK 

In order to identify the brain voxels that are essential to 

differentiate HC from AD cases, a very conservative measure 

can be defined as the difference between the gray value of an 

AD voxel and the minimum of the corresponding voxel among 

all HC subjects (as long as it can be assumed that the training 

sample is representative of the class population). Or in other 

words, if the gray value of a voxel x of a subject X is smaller 

than its minimum over all HC subjects, then it is affected by 

atrophy with high probability. If the gray value is larger than 

this minimum, and hence the difference is negative, the voxel 

is either not affected by AD (i.e. corresponds to healthy), or 

we cannot make a statement about the AD strength because 

the exact gray value before onset of AD is unknown. This 

“likeliness” value )(xp is related to the amount of this 

difference. In the following, the minimum is replaced by the 

10%-quantile Quant10 and the maximum by the 90%-quantile 

Quant90. 

{ } XHC xxxp −= 10Quant)(             (1) 

The importance of a voxel for classification depends 

generally on its gray value distribution across all AD subjects. 

Hence, the mean of ),( ADXxp = across all AD training 

subjects represents a measure for the “a-priori capability”

)(xM of a voxel to classify HC and AD cases. 
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In case of classification between AD and FTD subjects, 

there are voxels mainly in the parietal lobe with gray values 

lower for AD than for FTD. In the frontal lobe, the opposite is 

true. This type of a 2-class classification can be combined if 

the mask weights for voxels are given different signs. 

Therefore, the approach described previously is extended and 

generalized: 
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The values )(xM ges computed for all brain voxels can be 

combined to form a vector gesM with the dimension being 

identical to the number of brain voxels. This vector can be 

interpreted as a correlation mask or the normal to the class 

separating hyperplane in a linear classification. The position of 

this hyperplane can be determined from all training subjects of 

both class1 and class2, so that the distance between the 

hyperplane and the nearest subject of each of the two classes is 

maximized, similarly to SVD. The maximization and 

minimization are again replaced by the 90%-quantile and the 

10%-quantile, respectively, for robustness reasons. Hence, the 

bias b that determines the position of the hyperplane is 

computed as: 

{ } { } 2/)290Quant110Quant( classclassb +=    (5) 

Accordingly, the resulting equation for the classification of 

an unknown subject vector xi is (with
TM indicating the 

transpose): 
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where the sign of c determines the class assigned to a subject. 

The resulting classification masks for classification of 

HC-AD, HC-FTD and AD-FTD are depicted in the Fig. 3-5. 

 
Fig. 3.  Axial slices of the voxel mask for classification between AD and 

HC cases. The weight of a voxel is color-encoded from black to white. 

 



 

 
Fig. 4.  Axial slices of the voxel mask for classification between HC and 

FTD cases. The weight of a voxel is color-encoded from black to white. 

 

 
Fig. 5.  Axial slices of the voxel mask for classification between AD and 

FTD cases. The absolute value of the weight of a voxel is color-encoded from 

black to white. 

 
 

It can be seen that most voxels classifying AD and HC are 

found in the parietal and temporal lobes as well as in the 

precuneus, the voxels for classifying FTD and HC are mostly 

located in the frontal lobe. The voxels for classifying AD and 

FTD are mainly a combination of the two aforementioned 

masks and comprise the frontal, parietal and temporal lobes. 

IV. RESULTS 

For producing significant results and assessing their 

robustness even with a relatively small number of datasets, the 

following measures were employed: 

• Four classification scenarios  

The dataset contains AD, FTD and HC cases, from 

which the four following classification scenarios can 

be derived: HC-AD, HC-FTD, AD-FTD, HC-AD-

FTD. The free parameter in these scenarios (i.e. the 

quantile percentage) is optimized for the HC-AD 

scenario to find a balance between classification 

accuracy and robustness, and is then kept unchanged 

for the three other scenarios.  

The class assignment in the 3-class scenario 

HC-AD-FTD for the MASK method is derived from 

applying the three 2-class scenarios and subsequently 

evaluating the classification results, i.e. the sign 

indicating the position relative to the class-separating 

hyperplane. E.g. an AD subject is classified correctly 

in the 3-class scenario if both the HC-AD and 

AD-FTD classifiers indicate an AD subject. This 

refers to a worst case estimation, as all 3-class 

classifiers need to agree on the same result.  

• 0.632 Bootstrapping  

For each bootstrap sample, M training subjects of 

each class are drawn uniformly and randomly with 

replacement, where M refers to the number of 

subjects in the class [8]. The subjects that were not 

drawn are used for testing to ensure separation of 

training and testing datasets. This drawing, training 

and testing is repeated k times, where k is set to 500 

to ensure statistical stability. The single prediction 

accuracy of one bootstrap iteration is computed 

according to [7] as the 0.632 bootstrap estimator. The 

final prediction accuracy of the classification accPred 

is the mean over these permutations with 

∑
=

+−=
k

i

triied errerrkacc

1

,Pr )368.0632.0(11 ,  (7) 

where erri is the expected error rate on the test data, 

and erri,tr the error rate on the training data of the i-th 

bootstrap iteration. 

• Mislabeling simulation testing  

The bootstrap samples are modified for training such 

that one item from each of the classes is assigned the 

opposite class label to validate robustness against 

misdiagnosis and outliers. The classification accuracy 

of an ideal classifier should not be affected by such 

mislabelings. 

• Angles between subspaces  

Another indication of robustness is the angle between 

the subspaces that are spanned by the separating 

classification hyperplanes of differently resampled 

training sets [7]. As the bootstrap samples are 

randomly drawn from the database, there might be 

differences also in the direction of a classification 

hyperplane depending on the instances used for the 

training. An ideally robust algorithm would result in 

almost the same hyperplane direction and position the 

worst case would result in 90° angles. 
 

The classification results for each of the four classification 

scenarios are listed in Table 2 for the MASK method 

depending on the percentage of the quantile and for replacing 

the quantiles by minimum and maximum. For comparison 

purposes also the corresponding results for the PCA-MVA 

method are shown. The predictive classification accuracy is 

the average over 500 bootstrap resampling iterations. 



 

TABLE 2. PREDICTIVE CLASSIFICATION ACCURACY FOR METHODS IN PERCENT 

 
 Method HC-AD HC-FTD AD-FTD HC-AD-FTD 

 PCA (3 PCs) 93.6% 95.5% 88.6%  89.4% 

 MASK MinMax 98.9% 98.9% 97.4%  97.0% 

 MASK 5%-Quantile 98.8% 98.9% 97.6%  97.2% 

 MASK 10%-Quantile 98.1% 98.5% 97.4%  96.5% 

 MASK 20%-Quantile 97.5% 97.6% 97.3%  95.3% 

 MASK 30%-Quantile 96.6% 96.0% 97.2%  94.0% 

 

The robustness against outliers and misdiagnosed subjects 

in the training is outlined in Fig. 6. The sample instances were 

drawn to form 4.000 random bootstrap samples. One item 

from each of the two classes to separate was then randomly 

drawn and interchanged with each other for training, in order 

to simulate mislabeling. The test was done with the datasets 

not drawn for the bootstrap sample. It can be seen that both 

median and minimum accuracy could be increased in case of 

the MASK method, compared to the standard PCA-MVA 

method. The use of quantiles instead of minimum and 

maximum avoids the strong dependence on individual datasets 

that could lead to an accuracy drop if a dataset would be 

mislabeled that lies closest to the class separating hyperplane. 

 

 
Fig. 6.  Mislabeling simulation of PCA-MVA (left 3 box-plots) and of the 

MASK method with 10%-quantiles (right 3 box-plots);  

shown are box-plots of the classification accuracy for 2-class classification 
tasks; the training samples are drawn from 4000 bootstrap permutations and 

one sample item from each class is interchanged for training. 

 

 

Fig. 7 shows box-plots of the real distribution of the 

subspace angles for the three classification tasks HC-AD, HC-

FTD, AD-FTD. The subspace trained from the sample set 

containing all datasets exactly once serves as base subspace. 

Each bootstrap training sample produces another subspace 

whose deviation angle to the base subspace is determined and 

shown. 

CONCLUSION 

In this paper, a method for classification of AD, FTD and 

HC is introduced that avoids the assumption of a special 

underlying statistical distribution model. The robustness 

against  misdiagnosed  cases  is  improved  by  avoiding  the  over- 

 
Fig. 7.  Distribution of subspace angles for 500 bootstrap samples and each 

classification sub-type. 

 

 

weighting of single instances located close to the class 

separating hyperplane. Instead, quantiles are employed to 

enhance robustness. The results show that the proposed 

MASK method can outperform the classification performance 

of PCA and MVA based methods, whilst maintaining a similar 

robustness to misdiagnosis and outliers. 
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